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ABSTRACT
High-resolution Doppler spectroscopy has been used to detect several chemical species in exoplanetary at-
mospheres. Such detections have traditionally relied on cross correlation of observed spectra against spectral
model templates, an approach that is successful for detecting chemical species but not optimised for constrain-
ing abundances. Recent work has explored ways to perform atmospheric retrievals on high-resolution spectra
(HRS) and combine them with retrievals routinely performed for low-resolution spectra (LRS) by developing a
mapping from the cross correlation function to a likelihood metric. We build upon previous studies and report
HyDRA-H, a hybrid retrieval code for simultaneous analysis of low- and high- resolution thermal emission
spectra of exoplanets in a fully Bayesian approach. We demonstrate HyDRA-H on the hot Jupiter HD 209458b
as a case study. We validate our HRS retrieval capability by confirming previous results and report a simulta-
neous hybrid retrieval using both HRS and LRS data. The LRS data span the HST WFC3 (1.1-1.7 µm) and
Spitzer photometry (IRAC 3.6-8µm) bands, while the HRS data were obtained with CRIRES on VLT at 2.3
µm. The constraints on the composition and temperature profiles for the hybrid retrieval are more stringent
than retrievals with either LRS or HRS datasets individually. We retrieve abundances of log(H2O) = −4.11+0.91−0.30
and log(CO) = −2.16+0.99−0.47, and C/O = 0.99+0.01−0.02, consistent with previous works. We constrain the photospheric
temperature to be 1498+216−57 K, consistent with the equilibrium temperature. Our results demonstrate the signif-
icant advantages of hybrid retrievals by combining strengths of both HRS and LRS observations which probe
complementary aspects of exoplanetary atmospheres.
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1. INTRODUCTION
The characterisation of exoplanet atmospheres has experi-
enced rapid growth in recent years as an increasing number
of spectra are becoming available with ever-improving data
quality. Constraints on the chemical abundances, C/O ra-
tios and thermal profiles of several exoplanets have been ob-
tained using a wide variety of observations from both space-
based and ground-based telescopes, and in both the optical
and infrared wavelength ranges. Low-resolution spectra from
both space and the ground have allowed for unprecedented
chemical characterisation thanks to the photometric preci-
sion achieved. In particular, spectra from the Hubble Space
Telescope (HST) have led to constraints on the chemical and
thermal properties of several exoplanets (e.g. Kreidberg et al.
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2014; Madhusudhan et al. 2014b; Sing et al. 2016; Sheppard
et al. 2017; Evans et al. 2017).
A variety of techniques have been used to extract atmo-
spheric properties from low-resolution spectra (LRS). In par-
ticular, atmospheric retrievals provide a data-driven approach
to inferring properties such as chemical compositions and
thermal profiles (Madhusudhan 2018). This method involves
coupling an atmospheric model to a parameter-estimation al-
gorithm in order to fit observed spectra and derive statisti-
cal constraints on the model parameters. A variety of both
models and Bayesian estimators have been used in the liter-
ature (e.g. Madhusudhan & Seager 2009, 2010; Line et al.
2013, 2016; Barstow et al. 2017; Lavie et al. 2017; Evans
et al. 2018; Benneke et al. 2019). The model parameters
span a wide range of chemical compositions and tempera-
ture profiles for a given observing geometry, e.g. transmis-
sion or emission spectra. Other model considerations include
treatment of clouds/hazes (Line & Parmentier 2016; Barstow
et al. 2017; MacDonald & Madhusudhan 2017), radiative dis-
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2equilibrium (Gandhi & Madhusudhan 2018), stellar hetero-
geneities (Pinhas et al. 2018), and multi-dimensional effects
(Feng et al. 2016; Blecic et al. 2017).
Emission spectra of transiting planets observed at sec-
ondary eclipse provide a unique window into the dayside of
their atmospheres. In particular, such spectra probe a wide
range of pressures and temperatures, allowing the thermal
profile of the atmosphere to be constrained. Since the thermal
emission of exoplanets peaks in the infrared, observations to
date have largely been restricted to this spectral range. In
particular, near-infrared spectra and photometry from HST
and Spitzer have resulted in constraints on multiple chemical
abundances as well as the inference of thermal inversions in
several exoplanets (e.g. Haynes et al. 2015; Evans et al. 2017;
Sheppard et al. 2017; Kreidberg et al. 2018). However, most
compositional constraints have been obtained for H2O given
the spectral range of these observations. Retrievals of emis-
sion spectroscopy have not only been performed on transiting
planets, but also on directly-imaged planets and field brown
dwarfs, providing insight into the properties of a wide range
of sub-stellar objects (e.g. Line et al. 2017; Burningham et al.
2017; Lavie et al. 2017).
On another front, high-resolution Doppler spectroscopy
(HRS) has enabled the detection of several chemical species
in exoplanet atmospheres (e.g. Snellen et al. 2010; Brogi
et al. 2012; Birkby et al. 2017; Nugroho et al. 2017). These
ground-based observations resolve individual transition lines
from the planetary spectrum, which are distinguished from
the stellar spectrum thanks to the Doppler motion of the
planet as it orbits the host star (see e.g. review by Birkby
2018). Thanks to stable high-resolution spectrographs on
telescopes such as the Very Large Telescope (VLT), Keck
and Subaru, HRS has begun to play a significant role in the
characterisation of exoplanet atmospheres (e.g. Brogi et al.
2012; Nugroho et al. 2017). Molecules such as H2O and
CO have been detected in multiple hot Jupiters using this
method (Snellen et al. 2010; Brogi et al. 2012; Birkby et al.
2013; Rodler et al. 2013; Birkby et al. 2017). One of the
key strengths of high-resolution Doppler spectroscopy is its
ability to detect trace species in exoplanet atmospheres. For
example, TiO has been detected in WASP-33b (Nugroho
et al. 2017), HCN has been seen in multiple planets (Hawker
et al. 2018; Cabot et al. 2019), and various atomic and ionic
species have also been observed using high-resolution obser-
vations (Hoeijmakers et al. 2018). In the next decade, this
new era of atmospheric observations is expected to flourish
thanks to upcoming facilities such as the Extremely Large
Telescope (ELT) and the Giant Magellan Telescope (GMT),
which will allow an increasing range of chemical species to
be probed for ever-smaller planets, potentially allowing for
the characterisation of rocky exoplanets (Rodler & López-
Morales 2014; Snellen et al. 2015).
More recently, retrievals have begun to be adapted for
high-resolution spectra as well. HRS observations have tradi-
tionally been analysed by cross-correlation with model spec-
tra, and detections of chemical species were made by explor-
ing spectra over a grid of atmospheric parameters (e.g. Brogi
et al. 2012; Birkby et al. 2017; Nugroho et al. 2017). How-
ever, a grid-search approach does not offer a robust statistical
exploration of the parameter space, thereby precluding statis-
tical estimates of the model parameters given the data. This
is in contrast to the retrievals performed on low-resolution
spectra, as discussed above. Brogi et al. (2017) first per-
formed a joint analysis of high-resolution and low-resolution
observations for HD 209458b. Brogi & Line (2019) went on
to suggest a cross-correlation to log-likelihood mapping and
performed the first, fully Bayesian retrieval on HRS observa-
tions. This method not only allows the presence of chemical
species to be inferred, but also provides some constraints on
their abundances and the thermal profile of the atmosphere
using HRS observations.
Combined retrievals with low- and high-resolution spectra
offer new promise for atmospheric characterisation. Since
LRS and HRS are sensitive to different atmospheric prop-
erties, analysing both types of observations in parallel al-
lows more robust constraints to be made on the properties
of exoplanet atmospheres. For example, LRS observations
are more sensitive to absolute abundances than HRS, but are
affected by degeneracies between the overlapping opacities
of different species in the observed spectral bands. How-
ever, HRS is sensitive to the unique fingerprints of each
species and could potentially be used to break these degen-
eracies. Moreover, HRS observations probe regions higher
up in the atmosphere (i.e. lower pressures) compared to low-
resolution spectra. Brogi & Line (2019) developed a fully
Bayesian framework for combining LRS and HRS observa-
tions in atmospheric retrievals of thermal emission spectra of
exoplanets. In this work, we demonstrate this framework on
combined LRS and HRS observations of HD 209458b.
We report HyDRA-H, a new hybrid retrieval code build-
ing upon our existing HyDRA retrieval framework for low-
resolution spectra (Gandhi & Madhusudhan 2018), and
adopting the high-resolution retrieval framework of Brogi
& Line (2019). We use this method to perform a fully
Bayesian, simultaneous hybrid retrieval on observations
of HD 209458b. The low-resolution spectrum we use is
from the Hubble Space Telescope’s Wide Field Camera 3
(HST/WFC3) in the 1.1-1.7 µm range and Spitzer’s Infrared
Array Camera (IRAC) at 3.6 µm, 4.5 µm, 5.8 µm and 8.0
µm. For the high-resolution spectrum we use archival ob-
servations at 2.3 µm obtained using the CRIRES instrument
on the VLT (Snellen et al. 2011). With the results from
this hybrid retrieval, we explore the chemical detections,
3abundances and P-T profile of the dayside atmosphere of
HD 209458b.
In what follows, we discuss the retrieval method and its
architecture in section 2. In section 3, we outline the high-
resolution data used for this work as well as its detrending
and analysis. We validate the method against published re-
sults in section 4. Using these methods, we perform a hy-
brid retrieval on the combined HRS and LRS observations of
HD 209458b, presenting our results in section 5. Our con-
clusions are discussed in section 6.
2. METHODS
In this work we develop a hybrid retrieval code, HyDRA-
H, capable of simultaneously retrieving low-resolution and
high-resolution emission spectra of transiting exoplanets. In
the past, retrievals have typically been designed for low-
resolution spectra only, while high-resolution spectra were
analysed separately using cross-correlation methods. Re-
cently, Brogi et al. (2017) presented the first joint analysis
of low- and high-resolution spectra on the dayside emission
spectra of HD 209458b. This method involved performing a
retrieval on low-resolution data and using the resulting pos-
terior probability distributions as priors in the analysis of the
high-resolution data. Following this, Brogi & Line (2019)
made a further step by developing a joint retrieval frame-
work for low- and high-resolution spectra to be analysed in
parallel. To do this, they developed a metric to calculate the
likelihood of model spectra based on the cross-correlation of
the model with the high-resolution data. They demonstrate
the capabilities of this method on simulated data, showing
that the low- and high-resolution spectra contribute compli-
mentary constraints on the atmospheric model parameters.
Furthermore, this method has the advantage of allowing both
types of spectra to freely explore the full parameter space.
Here, we adapt the HyDRA retrieval framework (Gandhi
& Madhusudhan 2018) to analyse high-resolution data as
well as low-resolution spectra, using the methods from Brogi
& Line (2019) to treat the high-resolution models and data.
We then apply this hybrid retrieval method, HyDRA-H,
to demonstrate the first simultaneous retrieval on low- and
high-resolution spectra of HD 209458b. The architecture of
HyDRA-H is shown in Figure 1. In this section, we first de-
scribe the retrieval framework and the calculation of model
spectra in section 2.1. We then outline how a combined
LRS-HRS likelihood is calculated for each model spectrum
in section 2.3.
2.1. Retrieval Architecture
The central element of the retrieval framework is the cal-
culation of model spectra and their comparison to low-/high-
resolution data. In this work, we calculate model spec-
tra using an adaptation of the HyDRA retrieval framework
Parameter Prior Prior Range
XH2O, XCO, XCO2 , XHCN log-uniform 10
−15 −1
T100mb/K linear 300 - 2800
α1/K−1/2 linear 0 - 1
α2/K−1/2 linear 0 - 1
P1/bar log-uniform 10−6 −102
P2/bar log-uniform 10−6 −102
P3/bar log-uniform 10−2 −102
dKp/kms−1 linear -50 - 50
dVsys/kms−1 linear -50 - 50
log(a) linear -2 - 2
Table 1. Priors and prior ranges for the model parameters: molec-
ular mixing fractions (XH2O, XCO, XCO2 , XHCN), P-T profile parame-
ters (T100mb, α1, α2, P1, P2, P3) and Doppler spectroscopy parameters
(dKp, dVsys, log(a)).
Model low-resolution 
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Apply instrument 
function
Likelihood
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High resolution
Apply high-resolution
instrument function
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Figure 1. The hybrid modelling and retrieval framework. Model
parameters are drawn from the priors listed in Table 1, and used to
generate two types of model spectra: low-resolution for compari-
son with low-resolution data, and high-resolution for comparison to
high-resolution Doppler spectroscopy.
(Gandhi & Madhusudhan 2018). Each atmospheric model
in the retrieval is defined by parameters describing its chem-
ical abundances and P-T profile. The model computes ra-
diative transfer in a plane-parallel atmosphere, assuming hy-
drostatic equilibrium and an ideal gas equation of state. The
methodology used to compute radiative transfer is described
in Gandhi & Madhusudhan (2018). The chemical species
we include in this work are H2O, CO, CO2 and HCN, which
are known to have strong opacity in hot Jupiter atmospheres,
and their mixing fractions are assumed to be constant with
depth. The molecular cross sections for these species are cal-
culated as in Gandhi & Madhusudhan (2017) using line lists
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Figure 2. Molecular cross sections for the four species retrieved in the hybrid retrieval. In the left panel we show the cross sections between
1-10 µm for the HST WFC3 and Spitzer observations and the 2.29-2.35 µm CRIRES range is shown on the right.
from the HITEMP database for H2O, CO and CO2 (Roth-
man et al. 2010) and the ExoMol database for HCN (Harris
et al. 2006; Barber et al. 2014; Tennyson et al. 2016). Figure
2 shows the cross sections for the low- and high-resolution
spectral ranges. CO2 has a very weak cross section in the
2.29-2.35 µm spectral range compared to the other species
and thus we do not include this species in our HRS calcula-
tions. The CO2 can however show strong degeneracies with
CO in the Spitzer 4.5 µm band due to their similar strong
cross sections. In addition to the molecular absorption, all
of our spectral models also include collisionally induced ab-
sorption (CIA) from H2-H2 and H2-He interactions (Richard
et al. 2012). We parameterise the P-T profile analytically
using the method of Madhusudhan & Seager (2009), which
requires 6 parameters (Table 1). Once a model spectrum is
generated, the relevant instrument function is applied before
it is compared to the data and a likelihood is calculated. The
Bayesian inference and parameter estimation is performed
using PyMultiNest (Feroz & Hobson 2008; Feroz et al. 2009,
2013; Buchner et al. 2014), a Nested Sampling Bayesian pa-
rameter estimation algorithm (Skilling 2006).
The HyDRA-H retrieval framework is shown in Figure 1.
This differs from the HyDRA retrieval framework as a high-
resolution spectrum is computed as well as a low-resolution
spectrum. In particular, this method takes advantage of the
fact that low- and high-resolution spectra are sensitive to dif-
ferent atmospheric properties to optimise the spectral calcu-
lations. Once a set of atmospheric parameters is drawn by the
Bayesian estimator, the low- and high-resolution model spec-
tra are computed separately, and each compared to the low-
and high-resolution data, respectively. Since low-resolution
emission spectra are sensitive to the absolute planet-star flux
ratio, the low-resolution model is computed using the more
accurate double-ray quadrature scheme for radiative transfer,
as described by Gandhi & Madhusudhan (2018). Due to the
self-calibration of high-resolution data (described in section
3), sensitivity to absolute flux levels is reduced. We there-
fore use single-ray radiative transfer to compute the high-
resolution models, for computational efficiency. In contrast,
the high-resolution observations resolve individual molecu-
lar lines and are very sensitive to the presence of individ-
ual molecules as well as their relative abundances. The
high-resolution model spectra are therefore calculated at a
wavenumber spacing of 0.01cm−1 (R∼ 5×105 at 2 µm). The
low-resolution models are calculated at a slightly lower spec-
tral resolution (Gandhi & Madhusudhan 2017) using cross
sections with a wavenumber spacing of 0.1cm−1.
In addition to the chemical and thermal model parame-
ters, three extra parameters are needed to compare the high-
resolution models to high-resolution data. The parameters
dKp and dVsys are perturbations to the known planetary radial
velocity semi-amplitude and the systemic velocity, respec-
tively. Including these parameters prevents the retrieval from
being biased by uncertainties in the measurements of Kp and
Vsys. Their retrieved values are expected to be consistent with
zero, which indicates that the planetary signal is detected at
the expected location in Kp-Vsys space. We also include a
scaling parameter, log(a), which is discussed further in sec-
tion 3.2. The full list of model parameters used and their
priors are shown in Table 1.
2.2. Observations
Here we discuss the LRS and HRS observations for the re-
trievals conducted in this work. We obtain dayside emission
spectra for HD 209458b at low and high spectral resolution
covering a wide spectral range. We retrieve the LRS-only,
HRS-only and the combined data in separate retrievals in this
work, which is discussed in detail in sections 4 and 5. The
LRS data consists of HST WFC3 and Spitzer observations
and the HRS data is obtained from archival CRIRES obser-
5vations (Snellen et al. 2011). The low resolution HST obser-
vations have been obtained from Line et al. (2016) and span
the 1.1-1.7 µm range. The Spitzer photometric observations
cover the IRAC 1-4 bands in the∼3-10 µm range (Diamond-
Lowe et al. 2014).
The high-resolution K-band observations of HD 209458b
have been obtained by the CRIRES spectrograph (Kaeufl
et al. 2004) at the VLT. These were obtained as part of the
CRIRES survey of hot Jupiter atmospheres (Snellen et al.
2011) first presented in Schwarz et al. (2015) and more re-
cently reanalysed in Brogi et al. (2017); Hawker et al. (2018)
and Brogi & Line (2019). These observations cover the 2.29-
2.35 µm range, where H2O and CO show strong absorp-
tion (see Figure 2). The HRS data analysis on these high-
resolution observations is discussed in section 3.
2.3. Likelihood Calculation
Once the low- and high-resolution models have been com-
puted, their log-likelihoods are calculated relative to the low-
and high-resolution data, respectively. The overall likelihood
for the atmospheric model is then found by taking the prod-
uct of the low- and high-resolution likelihoods. The log-
likelihood for the model comparison with LRS data is based
on the chi-square metric, as has been used in many previ-
ous works (e.g. Gandhi & Madhusudhan 2018; Brogi & Line
2019):
ln(Llow) = −
∑
i
(yobs,i − ymodel,i)2
2σ2i
,
where the sum is over all data points, yobs,i are the observed
fluxes with uncertainties σi, and ymodel,i are the corresponding
model fluxes.
Since the high-resolution Doppler spectroscopy observa-
tions are analysed using cross-correlation, a different metric
is used to assess the goodness of fit. As discussed by Brogi
& Line (2019), such a metric should preserve the sign of the
correlation coefficient such that emission lines are not fitted
by absorption lines (and vice versa), and the metric should
be sensitive to the scaling of the model. In this work, we use
the metric developed by Brogi & Line (2019) (discussed in
section 3.2) to calculate the high-resolution log-likelihood,
ln(Lhigh). The total log-likelihood for a given atmospheric
model is then
ln(Ltot) = ln(Llow)+ ln(Lhigh).
3. HIGH-RESOLUTION OBSERVATIONS
Here we describe the data analysis of the HRS observa-
tions. The data were taken over 2 nights (18 and 25 July
2011) across the 2.29-2.35 µm K-band (Snellen et al. 2011)
with a spectral resolution R∼ 105. There are 59 and 54 spec-
tra from the first and second night respectively. Both sets
of spectra are phase resolved across a range of φ ∼ 0.5 -
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Figure 3. Illustration of the detrending steps (detailed in section
3.2) as performed on the K-band CRIRES observations from 18 July
2011 with the data from all 4 detectors shown. The bottom panel
shows a 10x strength model constructed prior to cross correlation
(see section 3.2) treated with same detrending method. The noisy
channel (∼ 2332nm) seen in steps 1 and 2 is from a detector edge
and is dealt with by masking in step 3.
0.6 capturing bright dayside emission of HD 209458b just
after secondary eclipse. This dataset was first used to pro-
vide evidence for CO in the dayside atmosphere (Schwarz
et al. 2015) and subsequent studies combining low-resolution
observations detected CO (Brogi et al. 2017; Brogi & Line
2019). A more recent analysis of the high-resolution data set
has also resulted in the detection of CO and H2O (Hawker
et al. 2018), though we note that detecting H2O is somewhat
sensitive to the detrending procedure for removing telluric
lines. We use the same data reduction procedure as that de-
scribed in Hawker et al. (2018) and Cabot et al. (2019).
3.1. Detrending
Once reduced, the spectra from each detector form an M by
N matrix where M is the number of frames from a given ob-
servation and N is the number of wavelength channels, typ-
ically 1024. The flux in a given pixel, F, is a function of
wavelength and time given by the sum of the stellar (Fs) and
planetary flux (Fp) multiplied by the telluric absorption (TE ).
F(λ, t) = TE(λ, t)Fs(λ, t)
(
1+
Fp(λ, t)
Fs(λ, t)
)
(1)
The telluric absorption is expected to be constant with time
and stellar flux quasi-constant with time as the stellar motion
is on the order of ms−1 with negligible Doppler shift com-
pared to the planet motion (∼kms−1) which shifts the planet
signal across many wavelength channels during a night of
observations. Using the same procedure outlined in Brogi
& Line (2019), we remove the stellar and telluric features
6through the steps illustrated in Figure 3 and described as fol-
lows:
1. We find the mean spectrum over time and fit it to each
individual spectrum with a 2nd order polynomial and
divide out the fit.
2. We remove significant time-dependent residuals by fit-
ting a 2nd order polynomial to each wavelength chan-
nel and divide out the fit. Such residuals are associated
with telluric H2O lines.
3. We mask any noisy wavelength channels and update
N; these masked noisy channels have a standard de-
viation >3 times the standard deviation of the ma-
trix . The data corresponding to each spectrum are
also mean subtracted, removing the continuum prior
to cross-correlation.
In essence the detrending process uses the data to find
an approximation of the multiplicative term TE(λ, t)Fs(λ, t)
in equation 1 and divide it out to leave the planet to star
flux ratio (plus one). In reality the multiplicative term is
not perfectly removed hence the need to detect the planet
via cross-correlation of the detrended data with models. We
use this detrending method, however, for the following rea-
sons. Firstly, we can validate our hybrid retrieval framework
through comparison of our high-resolution results with Brogi
& Line (2019). Secondly, it is computationally straightfor-
ward and has relatively few parameters (e.g. order of each
polynomial fit, and n-sigma masking). Thus, during the re-
trieval it can be applied to each of the tested models to fairly
account for the effects of the detrending process on the planet
signal to avoid biases. The potential limitation of the method
is whether it approximates the TE(λ, t)Fs(λ, t) term as well
as other more computationally expensive algorithms such as
SYSREM or PCA, potentially preventing it from being as ef-
fective. This is especially pertinent for analysis of more heav-
ily contaminated spectral ranges such as the 3 µm L-band.
Further discussions and comparisons on detrending methods
can be found in Hawker et al. (2018) and Cabot et al. (2019).
3.2. The HRS Log-likelihood Calculator
As noted above, the detrending process will alter the planet
signal. Thus, prior to cross-correlation, we treat each model
in as similar way as possible to real data. A high-resolution
model spectrum (generated by the architecture detailed in
section 2) is fed to the HRS likelihood calculator along with
the retrieval parameters dVsys and dKp. The model spectrum
is convolved to the CRIRES spectral resolution R≈ 84,000,
then Doppler shifted using linear interpolation by velocities
calculated according to equation 2 to produce a model equiv-
alent of the Fp/Fs term in equation 1 as an M by N matrix.
Vp(t) = (Kp +dKp) sin(2piφ(t))+Vsys +dVsys +Vb(t) (2)
The model (1+Fp/Fs) is then multiplied by the TEFs matrix
obtained from and divided out of the data during detrend-
ing. The detrending steps 1-3 are then applied to the model
TEFs(1+Fp/Fs), similar to detrending the observations. The
detrended model is then cross correlated with the detrended
data. The likelihood is calculated via the likelihood mapping
derived in Brogi & Line (2019) which uses Zucker (2003)
as a base and is summarised as follows. Each detrended ob-
served spectrum s(λ) is modelled by a detrended model spec-
trum m(λ) Doppler shifted in wavelength by ∆λ and scaled
by a factor a, added with some Gaussian noise with a stan-
dard deviation σ(λ) according to equation 3.
s(λ) = am(λ−∆λ)+σ(λ)N (0,1) (3)
The log-likelihood for such a model is given by equation
4, where N is the number of wavelength channels.
log(Lhigh) = −N log(σ(λ))− 12σ2
∑
λ
[s(λ)−am(λ−∆λ)]2 (4)
The maximum likelihood estimator σˆ is found by setting the
partial derivative ∂σ log(L) = 0. Setting σ = σˆ in equation 4
and discarding the additive constant N/2, gives equation 5.
log(Lhigh) = −N2 log
[ 1
N
∑
λ
[s(λ)2 −2s(λ)am(λ−∆λ)
+a2m(λ−∆λ)2]
] (5)
A final detail is in setting the scale factor a. Mathemat-
ically, the maximum likelihood estimator can be used and
found from ∂a log(L) = 0. A more physically motivated ap-
proach would be to set a = 1 to avoid unphysical scalings of
the planet to star flux ratio and line strengths. In a HRS re-
trieval, imposing a = 1 ensures the line depths of the tested
models are set by the physical/chemical properties of the at-
mospheric model. In the hybrid retrieval including a as a
retrieval parameter is useful as a method of ensuring the P-
T profile is correctly constrained by the low-resolution data.
This is because the HRS has a tendency to favour stronger
line strengths corresponding to higher temperatures but given
the lack of continuum the high-resolution data should not be
used to constrain the absolute temperature thus using a makes
an allowance for this effect. By performing the summation
and setting a=1, the meaning of the terms inside the log of
equation 5 becomes clear (see equation 6).
log(Lhigh) = −N2 log
(
〈s2〉λ −2〈sm〉λ + 〈m2〉λ
)
(6)
The first and third terms are the variances of a given de-
trended observed spectrum and detrended model spectrum
respectively. The second term is twice the normalised dot
product of the detrended observed spectrum with the de-
trended model spectrum and calculated when the two are
7cross correlated. Whilst the first term is a constant, the sec-
ond and third terms are model dependent and also vary with
∆λ (a proxy for dVsys and dKp). Using this method, ev-
ery spectrum from a given night and detector yields a log-
likelihood which are summed for all spectra to obtain a sin-
gle log-likelihood from the high-resolution analysis. This
log-likelihood can then be used to either perform a stan-
dalone HRS retrieval or used in a joint LRS+HRS retrieval
by simply summing the log-likelihoods produced from the
two analyses. As detailed in section 2 Bayesian analysis can
then be performed to retrieve the parameters of interest. For
additional details about the likelihood mapping we refer the
reader to Brogi & Line (2019) and Zucker (2003).
4. VALIDATION
We now validate our hybrid retrieval framework HyDRA-
H by comparing to previous work (Brogi & Line 2019) which
uses HRS-only observations. We retrieve the atmospheric
properties of HD 209458b using high-resolution spectra of
the system observed over two nights at phases of φ ∼ 0.5
- 0.6, i.e. shortly after secondary eclipse. As discussed in
section 3, we use archival observations obtained as part of the
CRIRES survey of hot Jupiters (Snellen et al. 2011). These
spectra span the 2.29-2.35 µm wavelength range and have
been obtained at a resolution of R∼ 105. Following Brogi
& Line (2019) we retrieve the H2O and CO volume mixing
ratios, dKp, dVsys and the temperature profile. We parametrise
the P-T profile over six free parameters, T100mb, α1, α2, P1,
P2 and P3 using the prescription of Madhusudhan & Seager
(2009). We run our retrievals using Nested Sampling with
1000 live points and∼22,000 wavelength points at 0.01cm−1
spacing between 2.25-2.37 µm. This corresponds to a model
spectral resolution of R∼ 4×105. We conduct the retrievals
using the high-resolution observations only as was done in
Brogi & Line (2019).
Figure 4 shows the posterior distributions for the retrieved
parameters. The P-T profile is shown in Figure 9 and
agrees well with the constrained P-T profile from the high-
resolution retrieval by Brogi & Line (2019). The planet’s
photospheric temperature is also within 1σ of the equilib-
rium temperature and shows no signs of a thermal inversion.
The deviations dKp and dVsys are within ∼1σ of the ex-
pected value of 0, indicating that the planet’s signal has been
detected at the expected location in the Kp −Vsys plane with-
out any spurious peaks (e.g from stellar lines) interfering with
the result significantly. We do observe a very weak peak at
positive dKp and dVsys values which we attribute to noise in
the Kp −Vsys plane. Figure 4 shows that the two parameters
are correlated with each other in a similar way to that seen in
previous high-resolution studies which perform cross corre-
lation on the spectral models (Schwarz et al. 2015; Hawker
et al. 2018).
We also find good agreement in the retrieved chemical
abundances of H2O and CO to both previous high-resolution
and low-resolution retrievals (Line et al. 2016; Brogi & Line
2019). We constrain the H2O to be log(H2O) = −4.0+1.2−2.7, con-
sistent to within∼1σ of Brogi & Line (2019) as shown in the
HRS-only posterior in Figure 7. This abundance estimate is
also consistent with expectations from chemical equilibrium
at solar abundance (Madhusudhan 2012; Moses et al. 2013)
but also allows for significantly sub-solar H2O. The retrieval
does indicate a long tail in the distribution at low abundance
for the H2O. Hence our detection significance for H2O in this
HRS-only retrieval is lower than the other retrievals we con-
duct (see Table 2). We are not able to strongly constrain the
H2O given that its features are weak in this spectral range.
On the other hand, CO has a strong cross section in this part
of the spectrum (see Figure 2) and is therefore better con-
strained at log(CO) = −1.9+1.2−0.9. The CO thus has a higher de-
tection significance than the H2O in the high-resolution only
retrieval at 4.6σ confidence because of its stronger cross sec-
tion. This result is also consistent with Brogi & Line (2019).
In section 5 we will compare and contrast these to the low-
resolution and hybrid constraints.
Previous work has shown that the choice of line list for
H2O can influence detections and the abundance estimates
(Brogi & Line 2019). Thus we have used line lists for H2O
and CO from the HITEMP database (Rothman et al. 2010)
as used by Brogi & Line (2019). Our temperature profile on
the other hand has been parametrised differently to Brogi &
Line (2019), but ultimately the P-T profiles are in agreement
to within 1σ, particularly for the photosphere at P∼0.1 bar.
We are able to constrain the temperature profile similarly de-
spite the differences in parametrisation as both allow a full
exploration of the possible parameter space, encompassing
thermal inversions and non-inverted profiles.
Whilst we generally observe good agreement with previ-
ous work by Brogi & Line (2019), we do note some differ-
ences in the posteriors for the HRS-only retrieval. Whilst
consistent to within 1σ, our abundance peak for H2O is at a
slightly higher abundance and our CO abundance only shows
a strong lower limit. Previous high resolution analysis using
a different method also indicated sub-solar H2O (Brogi et al.
2017) whereas we see an H2O peak at a sub-solar value but
which allows for solar values as well. This difference may be
attributed to some differences in our models and/or data anal-
ysis. Our P-T profile is parameterised from the work in Mad-
husudhan & Seager (2009), whereas Brogi & Line (2019)
use the Guillot (2010) prescription. We see a slightly shal-
lower temperature gradient in the atmosphere which allows
the abundance of H2O and CO to extend to higher values to
explain the line depths seen in the observations. However,
this difference is less of a concern as the LRS observations
are much more sensitive to the temperature profile than HRS
8Parameter Value Error
log(XH2O) -4.0 +1.2−2.7
log(XCO) -1.9 +1.2−0.9
T100mb /K 1869 +136−133
α1 /K−
1
2 0.39 +0.25−0.12
α2 /K−
1
2 0.40 +0.39−0.17
log(P1/bar) -1.9 +1.5−2.3
log(P2/bar) -3.8 +2.6−1.5
log(P3/bar) 0.4 +1.1−1.6
dKp /kms−1 -5.2 +5.5−4.1
dVsys /kms−1 -3.3 +2.3−1.6
Figure 4. Posterior distribution of HD 209458b from the retrieval of the high-resolution 2.29-2.35 µm CRIRES observations (Snellen et al.
2011). We retrieved two volatile chemical species, H2O and CO, and parametrised the atmospheric temperature profile with six parameters, as
discussed in Gandhi & Madhusudhan (2018). We also include two additional parameters, dKp and dVsys.
and thus give better constraints for the hybrid and LRS-only
retrieval as shown in the posteriors in Figures 5 and 8 and
discussed in section 5. We also see some differences in the
retrieved values of dKp and dVsys. These likely arise from our
analysis of the CRIRES data. Our wavelength calibration is
performed independently and our orbital solution is poten-
tially different to that used in Brogi & Line (2019) which
would affect dKp and dVsys. This could also slightly alter
the retrieved abundances. Overall, the differences in the re-
trieved parameters are small and show good agreement with
Brogi & Line (2019) and expected values from known orbital
parameters.
With this we are now ready to perform the hybrid re-
trieval of HD 209458b using both the low-resolution and
the high-resolution observations simultaneously. We include
three additional parameters for our hybrid retrieval, namely
the HCN and CO2 volume mixing ratios, and the high-
resolution model scale factor log(a) as included for the sim-
9Parameter Value Error
log(XH2O) -3.81 +0.8−0.62
log(XCO) -1.4 +1.0−1.3
log(XCO2) <-6.2 -
log(XHCN) <-5.5 -
T100mb /K 1501 +106−75
α1 /K−
1
2 0.47 +0.22−0.11
α2 /K−
1
2 0.44 +0.30−0.12
log(P1/bar) -1.2 +1.6−3.4
log(P2/bar) -3.9 +2.8−1.4
log(P3/bar) 0.92 +0.74−0.90
Figure 5. Posterior distribution of HD 209458b from the retrieval of the low-resolution HST WFC3 and Spitzer observations (Line et al.
2016; Diamond-Lowe et al. 2014). We retrieved four volatile chemical species, H2O, CO, CO2 and HCN, and parametrised the atmospheric
temperature profile with six parameters, as discussed in Gandhi & Madhusudhan (2018).
ulated retrievals in Brogi & Line (2019). We include H2O,
CO and HCN as there has been evidence for their presence
in hot Jupiter atmospheres from previous analyses of high-
resolution infrared spectra (e.g. Birkby et al. 2013; Schwarz
et al. 2015; Brogi et al. 2017; Hawker et al. 2018; Cabot et al.
2019). The CO2 has also been shown to have a degeneracy
with CO in the 4.5 µm Spitzer band (Madhusudhan & Sea-
ger 2010; Line et al. 2016; Gandhi & Madhusudhan 2018)
and thus we include it to compare any degeneracies which
may arise. We include the scale factor log(a) as a way for the
hybrid retrieval to weight the likelihoods independently from
each set of observations following Brogi & Line (2019).
5. RESULTS
In this section we discuss the results from our simultane-
ous hybrid retrieval of the low-resolution and high-resolution
spectra of HD 209458b in thermal emission. The HRS data in
the 2.29-2.35 µm range are described in section 4. The LRS
data in the HST WFC3 band (1.1-1.7 µm) are obtained from
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Figure 6. Thermal emission spectrum of of HD 209458b. The
black data points in the top panel show the low-resolution HST and
Spitzer observations of the planet-star flux ratio (Line et al. 2016)
with their associated error bar. The inset shows the 1.1-1.7 µm
HST Wide Field Camera 3 region. The dark and light shaded re-
gions show the 1σ and 2σ uncertainties respectively from the re-
trieval models and the gold markers indicate the binned data points
from the median model. The bottom panel shows the best fit spec-
trum from the hybrid retrieval in the observed 2.29-2.35 µm spectral
range of the high-resolution observations.
Line et al. (2016) and the Spitzer observations in the ∼3-
10 µm range are obtained from Diamond-Lowe et al. (2014).
The HyDRA-H retrieval framework developed to perform the
simultaneous hybrid retrieval is discussed in section 2. We
will compare and contrast the results from the hybrid retrieval
with the HRS-only retrieval discussed in section 4 as well a
LRS-only retrieval.
Figure 6 shows the planet/star flux ratio for the best-
fit high-resolution model as well as the spectral fit to the
low-resolution observations from the hybrid retrieval. We
see a good fit to the HST WFC3 and Spitzer observations,
with a clear absorption feature in the WFC3 observations at
∼1.4 µm due to the presence of H2O in the atmosphere. The
Spitzer observations for the 4.5 µm band also show a feature
due to CO. The high-resolution spectral model at R∼400,000
in the 2.29-2.35 µm range also shows clear absorption fea-
tures due to the presence of both H2O and CO due to both
species having strong cross sections in this band (see Fig-
ure 2). The constraints on these species are given in the his-
tograms in Figure 7 and the full posterior distributions for all
of the parameters are shown in Figure 8.
Our results for the abundances are in good agreement
with previous low-resolution and high-resolution retrievals
on HD 209458b (Line et al. 2016; Brogi et al. 2017; Brogi &
Line 2019). The posterior distribution for the low-resolution
retrieval that we performed with HyDRA (Gandhi & Mad-
husudhan 2018) is shown in Figure 5. The H2O and CO
abundances have been well constrained (Figure 7) and are
consistent with previous work (Line et al. 2016; Brogi & Line
2019). In addition, the deviations from the known planetary
and systemic velocities, dKp and dVsys, and the scale factor
log(a) are also consistent with 0 within 2σ, as expected .
This further validates that the high-resolution observations
are able to constrain the planetary signal at the known loca-
tion and strength without spurious detections. We will now
further discuss each of these parameters below and compare
and contrast the results with those obtained from the separate
retrievals with the individual HRS vs. LRS datasets.
5.1. H2O Abundance
Figure 7 shows the H2O abundance for the hybrid retrieval
as well as the LRS-only and HRS-only retrievals. The hy-
brid retrieval is able to better constrain the abundances as it
utilises both the lower resolution HST as well as the high-
resolution CRIRES observations. Our detection significance
of 7.3σ is also improved with the hybrid retrieval as shown in
Table 2. The hybrid H2O constraint is log(H2O) = −4.11+0.91−0.30,
which lies within each of the HRS- and LRS-only con-
straints. This abundance is also consistent with that seen
from previous retrievals (Line et al. 2016; Brogi et al. 2017;
Brogi & Line 2019). While being consistent with solar to
within 1σ, the H2O abundance peaks at a sub-solar value of
log(H2O)∼ −4.2.
The LRS-only retrieval is able to constrain H2O due to the
presence of an absorption feature in the HST WFC3 data.
This is caused by the strong broad molecular cross section
of H2O at ∼1.4 µm as shown in Figure 2. Hence our detec-
tion significance of H2O is 7.0σ (see table 2). We constrain
an H2O abundance that is consistent with solar, but with a
larger uncertainty than the hybrid retrieval. This result is
consistent with previous low-resolution retrievals of the same
dataset (Line et al. 2016) as well as previous retrievals of
the planet with transmission spectra which indicate sub-solar
abundances (Madhusudhan et al. 2014b; Barstow et al. 2017;
Pinhas et al. 2019).
The HRS data on the other hand are able to constrain and
refine the H2O estimate due to the numerous transition lines
that H2O possesses in the 2.29-2.35 µm spectral range. In
this spectral range there are ∼1.6×106 H2O transition lines.
The cross correlation is able to account for ∼103 of these
transition lines which most strongly influence the spectrum
(see Figure 6). However, given the weaker cross section of
H2O in this spectral range (see Figure 2) the abundance is
not well constrained in this case compared with the other
two retrievals. The detection significance of H2O with the
HRS-only retrieval is thus only 2.0σ. The uncertainty in
the H2O abundance is therefore also greatest when consid-
ering the HRS data alone. This is an important consideration
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Figure 7. Probability distributions for the retrieved volume mixing ratios of H2O and CO for the three retrievals run for HD 209458b. The
left and centre panels show the H2O and CO abundances respectively and the right panel shows the retrieved CO/(H2O+CO) ratio. The dashed
black lines show the posterior distributions for H2O and CO from the retrieval of the high resolution data in Brogi & Line (2019). The error bar
in each panel indicates the median and 1σ uncertainty from the hybrid retrieval discussed in section 5. The red dashed lines are the chemical
equilibrium solar values at the planet equilibrium temperature and 0.1 bar pressure (Madhusudhan 2012).
which has also been discussed in previous work (Brogi &
Line 2019).
Species Retrieval Detection Significance
H2O Low-Resolution 7.0σ
High-Resolution 2.0σ
Hybrid 7.3σ
CO Low-Resolution 2.6σ
High-Resolution 4.6σ
Hybrid 5.3σ
Table 2. Detection significances for H2O and CO for each of the
retrievals conducted.
5.2. CO Abundance
Figure 7 shows the CO abundance constraints for the hy-
brid retrieval. The CO abundance is most strongly con-
strained from the Spitzer and HRS observations as CO does
not have a strong cross section in the HST WFC3 range. Our
detection significance for CO for the hybrid retrieval is 5.3σ
(see table 2). The hybrid constraints suggest a super-solar
CO abundance of log(CO) = −2.16+0.99−0.47 compared to the solar
value of log(CO) ∼ −3.4 (Moses et al. 2013). This, com-
bined with the H2O abundance, means that the C/O ratio
for HD 209458b is obtained to be ∼1, consistent with that
seen from previous high-resolution observations (Brogi et al.
2017; Brogi & Line 2019).
Our low-resolution retrieval constrains the CO due to the
4.5 µm Spitzer band where it has a strong cross section (see
Figure 2). This data is only able to constrain a lower limit
of log(CO) & −5. In addition, the detection significance is
weaker at 2.6σ, as shown in Table 2. Whereas the H2O had
numerous HST WFC3 points to constrain its abundance, the
CO is only constrained by the handful of Spitzer data points.
Hence the CO is detected at lower significance for the low-
resolution retrieval and has a wider abundance uncertainty
than the H2O.
The HRS observations on the other hand are able to con-
strain the CO by resolving the CO spectral lines in the 2.29-
2.35 µm range. CO possesses strong opacity with ∼2800
transition lines in this range, of which ∼102 are strong
enough to be cross correlated (see Figure 6). Despite be-
ing less numerous than the H2O lines, the stronger cross
section of CO in this spectral range mean that the high-
resolution retrieval is able to detect and constrain CO despite
the fewer transitions. Our results show that combining the
high-resolution and the low-resolution observations provide
a substantial improvement in constraining the CO abundance
compared to either dataset alone.
5.3. Other Species
We retrieve CO2 and HCN but we observe no constraint
on either species using the current datasets as shown in the
summary table in Figure 8. The HCN does show an upper
limit of log(HCN) . −5.4 at 2σ confidence, but without any
definitive detection it is difficult to further quantify this. HCN
has previously been reported with HRS in the 3.18-3.27 µm
CRIRES range (Hawker et al. 2018) where it has a strong
cross section, but with only 2.29-2.35 µm observations in this
work we are unable to see any significant constraints due to
its weaker opacity compared with CO and H2O (see Figure
2).
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Parameter Value Error
log(XH2O) -4.11 +0.91−0.30
log(XCO) -2.19 +0.99−0.47
log(XCO2) < -6.3 -
log(XHCN) < -5.4 -
T100mb /K 1498 +216−57
α1 /K−
1
2 0.44 +0.25−0.15
α2 /K−
1
2 0.44 +0.32−0.11
log(P1/bar) -1.5 +1.7−2.9
log(P2/bar) -3.7 +2.6−1.5
log(P3/bar) 0.92 +0.74−0.84
dKp /kms−1 -4.9 +4.4−4.1
dVsys /kms−1 -3.0 +1.8−1.6
log(a) 0.32 +0.12−0.16
Figure 8. Posterior distribution of the hybrid retrieval of HD 209458b’s dayside. The low-resolution dataset was obtained from Line et al.
(2016) and Diamond-Lowe et al. (2014) and considers HST WFC3 and four Spitzer photometric channels between 3.6-10 µm and the high-
resolution data was obtained from the CRIRES spectral survey (Snellen et al. 2011). We retrieved four volatile chemical species, H2O, CO,
CO2 and HCN, and parametrised the atmospheric temperature profile with six parameters, as discussed in Gandhi & Madhusudhan (2018). We
also include two additional parameters for the high-resolution observations, dKp, dVsys and log(a) as discussed in section 3.2.
5.4. C/O Ratio
The right panel of Figure 7 shows the CO/(CO+H2O) ra-
tio. In the absence of any other species this may be used
as a proxy for the C/O ratio, which we constrain to be
log(C/O) = −0.0041+0.0041−0.010 . The corresponding C/O ratio is
0.991+0.009−0.022, which is consistent with previous estimates us-
ing HRS spectra (Brogi et al. 2017; Brogi & Line 2019). This
ratio is greater than the solar value of ∼0.54 (Asplund et al.
2009), and is caused by the retrieved CO abundance being
significantly higher than the H2O, as shown in Figure 7. A
C/O∼1 is also consistent with the recent inference of HCN
using HRS data of HD 209458b in the 3.18-3.27 µm band
(Hawker et al. 2018), as well as with the low H2O abundance
reported in transmission (e.g., Madhusudhan et al. 2014b).
In chemical equilibrium HCN is only present at significant
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abundance at C/O ratios near unity (Madhusudhan 2012). We
should note however that the C/O ratio of the atmosphere
may be influenced by other factors such as rain-out of oxy-
gen bearing species and the presence of other C and O bear-
ing gaseous chemical species.
5.5. Temperature Profile
The P-T profile and the uncertainty are shown for all three
retrievals in Figure 9. The majority of the temperature pro-
file constraint occurs from the absorption features in the LRS
data with some constraints from the absorption lines in the
HRS data. These clearly indicate that the planet does not
possess a thermal inversion (or stratosphere) within the pho-
tosphere, consistent with prevous studies (Line et al. 2016;
Brogi & Line 2019). This is also expected given that species
such as TiO or VO would have condensed out given that
the planet’s dayside temperature is below ∼1800 K (Spiegel
et al. 2009). The retrieved 100mb temperature is 1498+216−57 K,
consistent with the equilibrium temperature of ∼1450 K as-
suming full redistribution.
From Figure 9 we see that the tightest constraint on the
temperature occurs in the photosphere at P∼1 bar. At pres-
sures greater than this the optical depth τ >> 1 and thus
does not significantly contribute to the overall spectrum. The
onset of the isotherm at pressures P∼1-10 bar is consistent
with that seen from self-consistent equilibrium models of hot
Jupiter atmospheres (Fortney et al. 2008; Burrows et al. 2008;
Gandhi & Madhusudhan 2017). The high-resolution spectra
probe the line centres which originate higher up in the at-
mosphere at lower pressures. However, given that the high-
resolution observations are less sensitive to the temperature
and more so to the gradient, the temperature constraint does
not improve significantly over the low-resolution retrieval.
Going to even lower pressures, the temperature is now less
well constrained as the optical depth is too small to contribute
significantly to the emergent spectrum even in the line cores.
Therefore the uncertainty for the top of the atmosphere is
much greater.
5.6. High-Resolution Parameters
In addition to the chemical abundances and temperature
profile, we also retrieve the deviation from the known value
of the planetary and systemic velocity and the scale factor.
Both dKp and dVsys are consistent with 0 to within 1.5σ as
shown in the table in Figure 8. The scale factor is also re-
trieved to be log(a) = 0.32+0.12−0.16. These three additional pa-
rameters confirm that the high-resolution retrieval is able to
retrieve the planetary signal without biasing the results or de-
tecting spurious peaks in the Kp-Vsys plane.
6. SUMMARY AND DISCUSSION
In this work, we develop a new hybrid atmospheric re-
trieval code and perform the first simultaneous hybrid re-
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Figure 9. Retrieved atmospheric temperature profile from the three
retrievals run for HD 209458b. The thick line and the shaded re-
gions indicate the median P-T profile and 1σ uncertainty respec-
tively for each retrieval.
trieval of low- and high-resolution data for the exoplanet HD
209458b. Our code, HyDRA-H, builds upon the hybrid re-
trieval framework of Brogi & Line (2019) and is capable of
retrieving atmospheric properties of exoplanets using low-
and high-resolution emission spectra simultaneously. The ar-
chitecture extends our recently developed HyDRA retrieval
framework (Gandhi & Madhusudhan 2018) by incorporating
methods for retrieval of high-resolution spectra from Brogi
& Line (2019). We also perform separate retrievals on the
low-resolution and high-resolution data. These separate re-
trievals demonstrate the contribution of each approach to the
constraints obtained in the simultaneous hybrid retrieval.
We have validated our HyDRA-H retrieval framework by
comparing to previous high-resolution retrievals by Brogi &
Line (2019). We retrieve the 2.29-2.35 µm VLT CRIRES ob-
servations of HD 209458b (Snellen et al. 2011) and constrain
the H2O and CO volume mixing ratios and parametrised tem-
perature profile. We additionally constrain the deviations
from the known value of the planetary and systemic veloci-
ties, dKp and dVsys. This is to confirm that the planetary signal
is located in the expected position in the Kp −Vsys plane and
is not significantly affected by spurious signals such as those
from the host star or telluric contamination. We find that the
H2O and CO abundances given in Figure 7 are in agreement
with previous high-resolution retrievals (Brogi et al. 2017;
Brogi & Line 2019). The temperature profile is also consis-
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tent with previous work and the photosphere temperature is
consistent with the equilibrium temperature of HD 209458b.
The retrieval on the low-resolution data is able to constrain
the molecular abundances and temperature profiles from the
spectral features seen in the HST WFC3 and Spitzer obser-
vations. We constrain H2O from its strong absorption feature
in the WFC3 band and find it to be consistent with previous
low-resolution retrievals of this dataset (Line et al. 2016).
Our CO abundance is constrained primarily by the 4.5 µm
Spitzer point. Both of these chemical species are consis-
tent with the high-resolution retrieval. The P-T profile for
the low-resolution retrieval does however show some differ-
ences. The retrieval indicates a photosphere temperature that
is ∼1.5σ away from the high-resolution observations. How-
ever, this is not unexpected given that the high-resolution ob-
servations remove the continuum and thus an absolute tem-
perature is more difficult to constrain.
Our hybrid retrieval is able to use the strengths of both
high-resolution and low-resolution observations to constrain
the abundances and the temperature profile. Hence we see
a higher detection significance for each species, as shown
in Table 2, than for the retrievals on the individual datasets
separately. We therefore also see much tighter constraints
on the H2O and CO mixing ratios in Figure 7. The hybrid
retrieval is able to use the information from both available
observations and combine their likelihoods to obtain more
stringent constraints. We retrieve the H2O abundance to be
log(H2O) = −4.11+0.91−0.30 and the CO to be log(CO) = −2.16
+0.99
−0.47.
The H2O is sub-solar but consistent to within 1σ of solar
composition whereas the CO is super-solar to ∼2σ. We ad-
ditionally retrieve CO2 and HCN but we see no constraints
on either species given their weak opacity in the observed
wavelength range.
The retrieved temperature profile for the hybrid retrieval is
similar to the low-resolution retrieval but ∼1.5σ away from
the high-resolution constraint. This is because the HST and
Spitzer data are the most sensitive to changes in tempera-
ture, particularly variations in the deep atmosphere where the
continuum of the emergent spectrum is set. Therefore the
photosphere near P∼0.1 bar is in very close alignment with
the low-resolution observations. The high-resolution obser-
vations on the other hand are able to probe the line cores and
are thus more sensitive to the region at the top of the atmo-
sphere. Hence the temperature begins to deviate the most
away from the low-resolution retrieval in the upper atmo-
sphere. The dKp and dVsys are also tightly constrained near
the expected value of 0, indicating that the high-resolution
observations are able to detect the planetary signal. We have
additionally retrieved the scale factor log(a) as is done in the
simulated dataset by Brogi & Line (2019). This parameter
was included as a way for the hybrid retrieval to weight the
likelihoods from the low-resolution and high-resolution data
and we find that this is within 2σ of the expected value of 0.
Our work demonstrates the potential of hybrid retrievals of
exoplanetary atmospheres. Using high-resolution data im-
proves the spectral coverage allowing the identification of
trace species and the constraining of relative abundances.
The low-resolution data is key to constraining the P-T pro-
file and absolute abundances as it is able to provide informa-
tion on the spectral continuum. As such there is remarkable
synergy between the two approaches as reflected in the in-
sights obtained from the results of the joint approach pre-
sented here. We have shown the simultaneous hybrid re-
trieval method has great potential for obtaining improved
constraints on chemical abundances such as H2O and CO. In
particular, the hybrid approach has the potential to break de-
generacies seen in low-resolution retrievals, such as between
CO and CO2 present in the 4.5 µm Spitzer data (Gandhi &
Madhusudhan 2018; Kreidberg et al. 2014). Such improve-
ments will help in determining planetary C/O ratios with po-
tential implications for the understanding of planet formation
and/or migration histories (Öberg et al. 2011; Madhusudhan
et al. 2014a; Piso et al. 2016). In the current work, we nom-
inally constrain the C/O ratio to 0.991+0.009−0.022 by determining
the CO to CO+H2O ratio, consistent with that seen in previ-
ous work (Brogi et al. 2017; Brogi & Line 2019).
Going forward, the potential for simultaneous hybrid re-
trievals are numerous. Firstly, the current TESS mission will
provide many exoplanet candidates orbiting bright enough
stars for characterisation with this method. Secondly, a
wealth of high-resolution observations is expected with
the commissioning of CRIRES+ at the VLT (Follert et al.
2014) as well as other high throughput instruments such as
CARMENES (Quirrenbach et al. 2014). The use of smaller
telescopes with high throughput spectrographs such as GI-
ANO has been shown to prove fruitful in HRS exoplanet
spectroscopy (Brogi et al. 2018; Guilluy et al. 2019). Hy-
brid retrieval methods exploiting synergies between high
and low-resolution data will be vital in fully exploiting the
high-resolution spectra obtained with these facilities. The
telescopes planned for the next decade will also require such
a framework to fully exploit the observations they make.
The prospect of JWST with increased sensitivity, spec-
tral coverage and resolution will greatly improve the low-
resolution constraints that are possible. From the ground the
planned ELTs with vast collecting areas and equipped with
high-resolution spectrographs can enhance the insights from
JWST data through such hybrid retrieval methods. In the
longer term, developing these methods to push the limits of
exoplanet characterisation through such a holistic approach
could enable the next generation of facilities to probe smaller
potentially habitable worlds.
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